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A  key factor  in  the  implementation  of productive  and sustainable  cultivation  procedures  is the  frequent
and  area-wide  monitoring  of  cropland  and  grassland.  In  particular,  attention  is  focused  on assessing  the
actual  status,  identifying  basic  trends  and  mitigating  major  threats  with  respect  to land-use  intensity
and  its changes  in  agricultural  and  semi-natural  areas.  Here,  multi-seasonal  analyses  based  on  satellite
Earth  Observation  (EO) data  can  provide  area-wide,  spatially  detailed  and  up-to-date  geo-information
on  the  distribution  and intensity  of  land  use  in  agricultural  and  grassland  areas.  This  study  introduces
an  operational,  application-oriented  approach  towards  the  categorization  of  agricultural  cropland  and
grassland based  on a  novel  scheme  combining  multi-resolution  EO data  with  ancillary  geo-information
available  from  currently  existing  databases.  In this  context,  multi-seasonal  high  (HR) and  medium  reso-
lution  (MR)  satellite  imagery  is used  for both  a land  parcel-based  determination  of crop  types  as  well  as
a  cropland  and  grassland  differentiation,  respectively.  In our  experimental  analysis,  two  HR  IRS-P6  LISS-
3  images  are  ﬁrst employed  to delineate  the  ﬁeld  parcels  in  potential  agricultural  and  grassland  areas
(determined  according  to  the  German  Ofﬁcial  Topographic  Cartographic  Information  System  – ATKIS).
Next,  a stack  of seasonality  indices  is generated  based  on  5 image  acquisitions  (i.e.,  the two  LISS scenes  and
three additional  IRS-P6  AWiFS  scenes).  Finally,  a C5.0  tree  classiﬁer  is  applied  to identify  main  crop  types
and  grassland  based  on  the  input  imagery  and  the  derived  seasonality  indices.  The classiﬁer  is trained
using  sample  points  provided  by  the  European  Land  Use/Cover  Area Frame  Survey  (LUCAS).  Experimental
results  for  a test  area  in  Germany  assess  the  effectiveness  of  the  proposed  approach  and  demonstrate  that
a multi-scale  and  multi-temporal  analysis  of  satellite  data  can  provide  spatially  detailed  and thematically
accurate  geo-information  on crop types  and  the cropland-grassland  distribution,  respectively.. Introduction
A key aspect of the agricultural production in the European
nion (EU) is the implementation of productive, sustainable and
cologically compatible cultivation forms. The cultivation forms as
ell as the related land-use intensity are mainly driven by envi-
onmental, economic and political factors that lead to constantly
hanging conditions and transformation processes in the culti-
ated landscape. Hence, a frequent and area-wide monitoring of the
agri-) cultural landscape is required in order to assess the current
tatus, identify basic trends and mitigate major threats. This in turn
s a prerequisite to warrant a sustainable development or imple-
ent effective adaptation and mitigation strategies. An established
uropean-wide reporting system collecting key ﬁgures such as the
creage and type of crops is the statistical land-parcel identiﬁcation
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system (LPIS) that is based on ﬁgures delivered by farmers (Devos
and Milenov, 2010). The Land Use/Cover Area Frame Statistical Sur-
vey (LUCAS) aims at the frequent provision of land-use/land-cover
(LULC) information for the EU member states (Martino and Fritz,
2008). However, the potential to characterise the spatial pattern
of main crop types and grassland and their annual changes in a
spatially detailed and comprehensive manner at local and regional
scales is limited.
Satellite-based Earth Observation (EO) provides an ideal basis
for the area-wide and spatially detailed provision of geo-data on
the actual LULC and its changes in agricultural and grassland areas.
In addition, the derived geo-information can be easily integrated
into Geographical Information Systems (GIS) and/or combined with
statistical or topographic data. The CORINE Land Cover (CLC) pro-
gramme  has been established as a pan-European EO-based LULC
mapping initiative (EEA, 2007) delivering LULC data referring to 44
classes at a scale of 1:100,000. CLC data is available for 1990, 2000
and 2006, and an update for 2012 has been initiated. However, the
actual updating interval of CLC is too static and the information on
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gricultural classes is too limited to assess key developments affect-
ng the cultural landscape. These developments include changes in
gricultural land use or land-use intensity, adaptations to changes
n agricultural policy, increased use of biofuels or the loss of biodi-
ersity in agricultural areas (Henle et al., 2008; Stoate et al., 2009).
The use of multi-seasonal EO data allows for the description of
he type and intensity of agricultural land use, the quantitative and
ualitative characterisation of changes in the cultural landscape
r the updating and supplementation of geospatial or topographic
atabases (Hildebrandt, 1996; Bradley et al., 2007; Stoate et al.,
001, 2009). At the same time, cropland and grassland monitoring
equires EO data covering large geographic areas at high temporal
nd spatial resolution with minimal costs (Wardlow and Egbert,
008). However, currently available data covering large geographic
reas have limited spatial resolution. Nevertheless, methods have
een developed applying medium resolution (MR) data like NOAA-
VHRR or MODIS and derived vegetation indices to describe the
henological behaviour of vegetation and different crops (Lunetta
t al., 2010; Bradley et al., 2007; Wardlow and Egbert, 2008). Nev-
rtheless, a limitation of these methods is their poor performance
n areas characterised by small ﬁeld parcels as it occurs in many
egions within Europe. Accordingly, recent studies have started
nvestigating the employment of high resolution (HR) data. Sai and
ao (2008) use IRS-P6 LISS-III and AWiFS data to discriminate rice,
otton, maize, sugarcane, mango, and forest within four study areas
n India. Singh et al. (2011) describe the cropping pattern in the
ndo-Gangetic plain of Uttar Pradesh, India, using seasonal IRS-P6
WiFS data. Lobo et al. (1996) showed that the accuracy of crop-
and and grassland classiﬁcation can be improved by focussing the
nalyses on objects (ﬁeld parcels) instead of analysing the charac-
eristics of single pixels. Bock et al. (2005) proved the effectiveness
f object-oriented methods for habitat mapping at multiple scales
or case studies in Germany and the United Kingdom. Conrad et al.
2010) classify irrigated crops based on ﬁeld parcels in arid central
sia using SPOT and ASTER data. In another study, Conrad et al.
2011) investigated the potential of RapidEye time series data for
he classiﬁcation of crop rotations in the heterogeneous agricul-
ural landscapes of irrigation systems in Central Asia. Turker and
zdarici (2011) perform a comparative study of ﬁeld-based crop
lassiﬁcation using SPOT-4, SPOT-5, IKONOS and QuickBird data.
tzerott and Kaden (2006a,b) present an approach to approximate
 universal class description for crops by means of multi-temporal
atellite data, trying to reduce the inﬂuence of particular weather
nd soil conditions. Franke et al. (2012) discriminate between semi-
atural, extensively-used, intensively-used and tilled grasslands
sing multi-temporal RapidEye data for a study area in southern
ermany.
It is worth noting that weather conditions (e.g., cloud cover) still
inder the employment of optical data for operational applications
Blaes et al., 2005). To overcome this drawback, some recent studies
ave been presented employing weather-independent synthetic
perture radar (SAR) data for cropland and grassland monitoring
Smith and Buckley, 2011; Lin et al., 2009; McNairn et al., 2009;
chuster et al., 2011; Metz et al., 2012).
The EC and European Environmental Agency (EEA) have ini-
iated several programmes such as the FP7 Geoland2 project
Geoland, 2012) or the recently started GMES Initial Operations
and programme (GIO Land, 2012) which speciﬁcally address the
evelopment of EO-based service elements for the frequent provi-
ion of different agriculture and grassland layers at European level.
n the framework of Geoland2-Euroland, Brodsky et al. (2011) use
ulti-seasonal IRS-P6 LISS-3 and/or AWiFS imagery to evaluate thenﬂuence of the temporal EO data coverage on the grassland/arable-
and classiﬁcation. In particular, they obtain overall accuracies of
3% when considering ﬁve images and 85% when using three scenes
cquired in April, July and October, respectively. A central elementervation and Geoinformation 28 (2014) 230–237 231
in this approach is the analysis of the seasonal behaviour of bio-
physical parameters such as the fraction of green vegetation cover
(FCover) presented by Lacaze et al. (2011). In parallel to this, the
research activities in the context of the Geoland2-Euroland project
also included the application and assessment of the technique for
cropland and grassland classiﬁcation proposed by Metz (2009)
demonstrated in a diploma study in the context of CORINE Land
Cover 2006 in Germany.
However, the experience gained in the Geoland2-Euroland
project with respect to large scale operational production of HR
grassland products has shown that the tested methodologies still
show certain potential for improvement. Here we identiﬁed three
major directions of enhancement, (i) the capability to perform
multi-sensor/multi-scale analyses in order to increase the temporal
coverage with EO data takes (as a basis for an optimal description of
seasonal characteristics), (ii) to classify grassland and crops at the
level of ﬁeld-parcels in order to provide more homogeneous and
signiﬁcant spectral and spatial properties (e.g., due to minimised
spatial and temporal noise effects caused by outliers), and (iii) to
allow for the integration of ancillary data available from currently
existing geo-databases. Such geo-databases might be used to geo-
metrically and thematically focus the analyses on speciﬁc areas or
LULC categories of interest (e.g., using ofﬁcial topographic data or
CORINE vector information), or to increase the degree of automa-
tion by minimising efforts to manually collect training data through
the implementation of already available and frequently updated
data sources at European-wide level (e.g., LUCAS point data). By
integrating area-wide training data such as LUCAS point, the clas-
siﬁcation procedure can also be adapted more effectively to local
geographical and landscape-speciﬁc conditions.
To realise these optimizations, this paper introduces an object-
oriented approach for an effective multi-resolution analysis of
seasonal EO data at ﬁeld-parcel level. Thereby, the presented study
aims at innovation in terms of effectively combining and enhanc-
ing existing base techniques in form of a speciﬁcally optimised
and tailored workﬂow (and therewith increasing the applicabil-
ity with respect to an operational production scenario) rather than
introducing innovative algorithms or classiﬁcation methods. To
this aim, Section 2 introduces the methodological framework and
workﬂow (with Section 2.1), the segmentation of the actual land
parcels, and the identiﬁcation of main crops and grassland. Sec-
tion 3 presents the results of a quantitative accuracy assessment,
whereas in Section 4 the conclusions are drawn and future perspec-
tives are presented.
2. Multi-scale analysis of seasonal time series data
The differentiation of grassland and crop types can hardly be
based on the mere interpretation of spectral properties alone, since
the spectral characteristics of these LULC types signiﬁcantly vary
within the vegetation period. Moreover, spectral signatures of dif-
ferent crop types and grassland are quite similar to each other in
some periods of the year, depending on their individual growth sta-
tus, which in turn, are determined by phenology and cultivation.
Crops show highly variable seasonal characteristics depending on
the geographical region, local climate, sowing dates, weather con-
ditions during the vegetation period, equipment and behaviour of
the farmer, or cultivation cycle and harvesting times. In contrast,
grassland features a more continuous seasonal development with
some variation due to the management intensity (see Fig. 1). While
the behaviour of natural grassland mostly follows the natural phen-
ology as a function of the climatic conditions, semi-natural and
managed grassland shows a more variable development subject
to the inﬂuence of grazing cattle or mowing for fresh forage, silage
or hay production.
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sig. 1. Variation of the Normalised Difference Vegetation Index (NDVI) throughout
he vegetation period for semi-natural grassland and different crop types derived
rom MODIS data.
A robust classiﬁcation procedure for effectively discriminating
etween grassland and main crops types therefore has to focus on
he analysis of the seasonal development. The methods described in
ection 1 demonstrate that multi-seasonal time series analyses of
O data represent an effective instrument to this purpose. However,
he main challenge still lies in the collection of a cloud-free database
overing key dates and seasons throughout the vegetation phase,
hile at the same time providing enough spatial detail to assure an
ccurate analysis at ﬁeld-parcel level in regions with small patch
izes (as in many rural areas in Central Europe).
To effectively address this challenge, we propose a combined,
bject-oriented analysis of multi-seasonal HR and MR optical data.
hereby, one or two (e.g., spring and summer) HR satellite images
IRS-P6 LISS-3, 120 km swath width, 23.5 m spatial resolution)
re used to properly delineate the different land parcels in the
egion of interest (by means of image segmentation techniques)
nd then employ additional MR  satellite images (IRS-P6 AWiFS,
00 km swath width, 56 m spatial resolution) to optimally charac-
erise the seasonal behaviour of the extracted segments. MR  images
re generally characterised by a large-swath width, a property that
acilitates frequent coverages within comparably short periods of
ime and therewith increases the chances to collect a cloud-free
easonal dataset. After suitable pre-processing, meaningful land
arcels are identiﬁed and extracted based on an image segmen-
ation of the LISS-3 images. Next, all LISS-3 and AWiFS acquisitions
re used to derive a deﬁned set of seasonality indices for each seg-
ent. Then, thematic point data from the LUCAS database are used
o train the C5.0 tree classiﬁer that ﬁnally detects and categorises
rassland and crop types. A schematic view of the entire method-
logical implementation is provided in Fig. 2 and described in detail
n the following sub-sections.
.1. Study area, database and pre-processing
The available EO database includes two LISS-3 scenes and
hree seasonal AWiFS images (ISRO, 2012) referring to an agricul-
ural region in Mecklenburg Western Pomerania and Brandenburg,
ermany. The area under investigation covers 23,012 km2 and is
haracterised by four main LULC categories, namely agriculture,
oodland, settlement and water bodies (see Fig. 3).
The LISS-3 data were acquired on 5th May  and 17th July, 2006,
hereas the AWiFS images were acquired on 13th June, 17th July
nd 12th September, 2006. In addition, both for training the classi-
er and validating the results we used LUCAS geo-referenced points
btained from ﬁeld surveys collected in 2006. For the investigated
tudy area, 1796 points covering a total of 17 classes were selectedervation and Geoinformation 28 (2014) 230–237
from the LUCAS database. In this context, we  excluded a priori sam-
ple points considered as unconﬁdent by means of GIS-operations.
However, since we are only interested in the LULC categories
related to agriculture and grassland we exclusively considered the
1529 points referring to the 11 classes listed in Table 1. Then, a
further grouping into 5 more general agricultural categories includ-
ing grassland and crop types exhibiting a comparable phenological
behaviour was  performed. Finally, vector data of the German Ofﬁ-
cial Topographic Cartographic Information System (ATKIS) (AdV,
2012) have been employed to create a mask of potential agricul-
tural and grassland areas on which the EO-based analysis should
be focused. To this aim, polygons related to grassland and agricul-
tural classes have been dissolved and merged, and then exported
as a single mask. The classiﬁcation has been then carried out only
over areas belonging to this mask.
The pre-processing procedure starts with an atmospheric cor-
rection of the LISS-3 and AWiFS images based on the ATCOR-2/3
software (Richter and Schläpfer, 2011) which allows minimising
the effects of seasonal variations due to different atmospheric con-
ditions. Next, the area covered by the full dataset (composed of
the two LISS and three AWiFS scenes) is outlined and clipped into
each of the single images. This set of radiometrically optimised and
clipped data serves as a basis for the following steps. In particu-
lar, ﬁrst the NDVI is computed for the 5 scenes in order to describe
the status of the vegetation at the different dates. Then, the sea-
sonal development is quantitatively described by calculating a set
of four statistical seasonality parameters for each pixel from the
5 NDVI images, namely the seasonal minimum, the seasonal max-
imum,  the seasonal mean and the range between minimum and
maximum. The 5 images and their corresponding NDVI as well as
the four seasonality features extracted are then combined into a
single data stack.
2.2. Land-parcel extraction
The optimal spatial unit for our classiﬁcation task are the land
parcels on which grassland and different crop types are cultivated.
These can be optimally retrieved by employing advanced segmen-
tation approaches that group pixels of the original EO images into
meaningful segments with homogeneous characteristics. Further-
more, this also allows performing an object-oriented classiﬁcation
which prevents salt-and-pepper effects typical for pixel-based
approaches in agricultural areas.
In this study, the image segmentation has been carried out using
the Deﬁniens Developer software (version 8.7), whereas a special
optimisation procedure has been applied to achieve an accurate
representation of the spatially heterogeneous landscape structures.
This approach has been ﬁrst introduced by Esch et al. (2008) and
aims at the minimisation of both over- and under-segmentation in
order to attain more accurate results. To this aim, the optimisation
procedure iteratively combines a sequence of multi-scale segmen-
tation, feature-based classiﬁcation, and classiﬁcation-based object
reﬁnement. In a ﬁrst step, a segment level is created that exactly
reﬂects the vector geometry of the agriculture mask extracted from
the ATKIS vector information. Then, the polygons of the mask are
subdivided by means of the segmentation optimisation process that
is conducted solely using the two  HR LISS-3 scenes with 5 iterations
and a scale parameter increasing from 20 for the ﬁrst iteration to
100 for the last iteration (meaning a step of 20 from iteration to iter-
ation). The result of the image segmentation (performed by means
of the Multi-resolution Segmentation algorithm; Benz et al., 2004)
is shown in Fig. 4. As a last step, the mean values of all the fea-
tures (i.e., the spectral bands and NDVI of the 5 input scenes and
the seasonality parameters) are calculated for and assigned to each
parcel of the ﬁnal image segmentation.
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Fig. 2. Schematic view on proposed multi-scale and multi-data approach for the analysis of seasonal EO data to classify crop and grassland types as well as to map cropland-
grassland distribution.
Table 1
LUCAS categories considered in our analysis and corresponding available labelled samples.
LUCAS code LUCAS class name No. of sample points Main category
B11 Common wheat 296
211 (Cereals)
B13  Barley 173
B14  Rye 98
B15  Oats 14
B18  Triticale 50
B16  Maize 84 216 (Maize)
B21  Potatoes 14
220 (Root crops)
B22  Sugar Beat 17
B32  Rape 246 232 (Rape)
E01/02  Grassland 537 400 (Grassland)
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tig. 3. Study site and input data for the multi-scale and multi-date analysis: (a) IRS
ombined multi-seasonal NDVI and NDVI seasonality indices layer stack and (d) m
UCAS sample points overlaid.
.3. Identiﬁcation of main crops and grassland
The classiﬁcation of grassland and crop types starts with the
emi-automated generation of a sampling database for training
he C5.0 decision tree classiﬁer (Quinlan, 1992). Different stud-
es (i.e., Bailey and Boryan, 2010; Fisette et al., 2006; DeFries
nd Chan, 2000; Friedl and Brodley, 1997) have proven the effec-
iveness of C5.0 in addressing classical challenges arising whenSS-III image of May 5th, 2006, (b) IRS-P6 AWiFS scene of September 12th, 2006, (c)
 potential agricultural and semi-natural areas derived from ATKIS vector data with
dealing with time series and LULC analyses (e.g., non-Gaussian
statistical distribution of the classes in the feature space, missing
values due to cloud cover, etc.). Since the algorithm automat-
ically selects the attributes relevant for the class assignment
along with the suitable thresholds, no manual adjustment of
the classiﬁcation parameterisation is required as long as the
designated classes are adequately represented by the training
dataset.
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dig. 4. Extraction of actual ﬁeld parcels based on LISS-3 data for the area deﬁned b
ata  (Geobasis data© German Federal Agency for Cartography and Geodesy – www
In preparation of the training and classiﬁcation procedure, the
UCAS point data is pre-selected using GIS-operations in order to
xclude sample points that are considered as unconﬁdent, e.g.,
ecause they are positioned at the border between two  land-parcel
egments. From the available 1529 labelled samples, 50% have been
sed for training the classiﬁer, whereas the other 50% have been
sed for validating the results. For the training process itself only
mage objects of the ﬁnal segmentation intersecting with a LUCAS
oint are used. Thereby, the C5.0 algorithm automatically creates a
lassiﬁcation decision tree that relates properties of each training
bject to its assigned LUCAS LULC class with no need for any fur-
her user-deﬁned parameters. The set of input features provided
or each object includes the spectral bands of the 5 input scenes as
ell as the NDVI and seasonality layers. The created classiﬁcation
ree is then applied to all image objects for discriminating between
rassland and the four considered main crop types (see Fig. 2). The
nal step includes the generalisation of these four crop types to
ne “agriculture” class in order to obtain a ﬁnal cropland-grassland
lassiﬁcation.
ig. 5. Extracted ﬁeld parcels (left) and classiﬁcation result for the corresponding image o
istribution (right) for a subset of the test region. mask on potential agricultural and semi-natural areas derived from ATKIS vector
und.de).
3. Results
The ﬁnal results of the classiﬁcation procedure described in
Section 2.3 as well as the generalised cropland-grassland classiﬁca-
tion are illustrated in Fig. 5. The quantitative assessment shows an
overall accuracy (OA) of 86% and a Kappa coefﬁcient of 0.79 when
considering 5 classes. Table 2 gives a detailed overview of the error
statistic for the classiﬁcation – including producer’s (PA) and user’s
accuracies (UA). Cereals (class 211), rape (class 232), and grassland
(class 400) have been classiﬁed with PA and UA higher than 85%.
The small confusion between grassland and cereals as well as cere-
als and rape can be disregarded. In contrast, maize (class 216) and
root crops (class 220) show slightly lower accuracies (PA and UA)
between 63% and 78%. One can notice that root crops have partly
been classiﬁed as maize and maize has been partly classiﬁed as
grassland. This is due to the fact that root crops and maize as well as
maize and grassland have a similar seasonal and spectral behaviour
(see Fig. 1) resulting in corresponding misclassiﬁcations. Further-
more, the number of training and validation points for maize and
bjects showing main crops and grassland (centre) as well as the crop- and grassland
236 T. Esch et al. / International Journal of Applied Earth Observation and Geoinformation 28 (2014) 230–237
Table 2
Confusion matrix and corresponding percentage overall accuracy referring to the classiﬁcation of main crop types and grassland.
Class 211 216 220 232 400 Samples UA
211 (Cereals) 269 7 2 10 27 315 85.4
216  (Maize) 1 33 1 0 7 42 78.6
220  (Root crops) 0 4 10 0 1 15 66.7
232  (Rape) 8 0 1 110 4 123 89.4
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m400  (Grassland) 20 8 1 
Samples 298 52 15 
PA  90.3 63.5 66.7 
oot crops is quite small so that the error statistics react more sensi-
ive towards slight variations in the number of classiﬁcation errors.
evertheless, when addressing the cropland-grassland discrimina-
ion (as reported in the right image of Fig. 5) the OA is 90% and Kappa
s 0.79, with PA and UA always higher than 92% for cropland and
A and UA always higher than 85% for grassland.
In addition to the described analysis, we classiﬁed the images
sing all 11 original agricultural LUCAS classes characterising the
tudy region and obtained a ﬁnal OA of 70%. We  also compared the
esults with the outcome of classiﬁcations based on one (05th May,
006) and two (05th May, 2006, 12th September, 2006) scenes.
ere, OA’s of 69% (single-date) and 76% (dual-date) are achieved
hen investigating the 5-class case.
. Conclusions and future perspectives
The results of our study indicate that seasonal time series anal-
ses afford the accurate identiﬁcation and characterisation of main
rop types and grassland. Key issues in this context are the exist-
nce of adequate reference information (in terms of number of
amples and thematic reliability) and the availability of a constant
easonal and spatial coverage with multi-seasonal satellite data.
 limiting factor for the required multi-seasonal EO data analysis
s the frequently occurring cloud coverage in time series of opti-
al sensors that clearly constraints the data availability – especially
egarding HR imagery and data requirements for speciﬁc dates of
he year. This factor becomes particularly critical with respect to
arge-area assessments. The study demonstrated that the combi-
ation of HR and MR  imagery represents a promising approach to
ncrease the chances to achieve a signiﬁcant coverage with sea-
onal data while at the same time assuring a high spatial detail of
he analysis (e.g., addressing the ﬁeld parcel level). An alternative
pproach to warrant optimal data availability is the use of radar
ata (e.g., TerraSAR-X, TanDEM-X or Radarsat-2) which can be col-
ected independently from weather and environmental conditions.
Considering the seasonal development of major crops and grass-
and (see Fig. 1), it appears that the harvesting period is best ﬁtted to
ifferentiate between cereals and grassland. However, in this time
nterval the NDVI still shows similarities between grassland and
aize as well as grassland and root crops. Therefore, the separation
f arable crops and grassland requires additional data acquisitions
uring the spring season. In comparison to arable land, pasture land
hows a more constant and homogenous behaviour with respect
o the development of green vegetation over the entire vegeta-
ion period. Analysing its seasonal behaviour, the NDVI of grassland
hows a distinct increase in spring (March, April) before it levels
n early summer, followed by a slight drop during the dry season
nd a constant decrease from late summer to winter. Meadows
ffected by hay mowing feature a higher dynamic during the sum-
er  period. For arable crops, the vegetation development starts at
ifferent time slots. After a signiﬁcant increase during the growing
hase the NDVI levels or slightly decreases in the maturation before
t ﬁnally drops signiﬁcantly during the harvesting period.
The presented object-based concept provides effective options
or the realisation of a multi-sensor/data, multi-scale and
ulti-seasonal approach that in turn provides the ﬂexibility which5 243 268 87.3
125 273 763
88.0 85.7 OA: 86.0
is required for the realisation of multi-seasonal analyses at regional
or national scale. At the same time this approach represents a
promising methodology for the frequent monitoring of trends and
transformations of LULC, e.g. extensiﬁcation or intensiﬁcation in
terms of a conversion from cropland to pastures or vice versa. It
also facilitates the (semi-)automated update or thematic extension
of existing geo-data layers with respect to general changes in LULC
or relative changes in the intensity of use or productivity. In order
to further improve the workﬂow and optimise the operability of
the proposed approach, in the near future we plan more extensive,
area-wide tests over different regions within Europe.
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